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Abstract

Thanks to the Internet and the related availability of ‘‘Big Data,’’ social interactions and their
environmental context can now be studied experimentally. In this article, we discuss a meth-
odology that we term the online field experiment to differentiate it from more traditional lab-
based experimental designs. We explain how this experimental method can be used to capture
theoretically relevant environmental conditions while also maximizing the researcher’s con-
trol over the treatment(s) of interest. We argue that this methodology is particularly well
suited for social psychology because of its focus on social interactions and the factors that
influence the nature and structure of these interactions. We provide one detailed example of
an online field experiment used to investigate the impact of the sharing economy on trust
behavior. We argue that we are fundamentally living in a new social world in which the Inter-
net mediates a growing number of our social interactions. These highly prevalent forms of
social interaction create opportunities for the development of new research designs that allow
us to advance our theories of social interaction and social structure with new data sources.
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Social interactions are increasingly digi-

tized. Thanks to the Internet and the

availability of ‘‘Big Data,’’ large-scale

social interactions can now be studied

experimentally without the need to bring

people into onsite laboratories. Many of

these forms of social interaction are best

studied in the environment in which

they occur in order to fully understand

the factors that influence them and their

dynamics over time. This is made possible

by the availability of large data archives

as well as organizations that collect

individual-level data on a scale previously

unimaginable.

In this article, we discuss a relatively

new methodology, the online field experi-

ment, that takes advantage of Big Data

and predictive algorithms to capture
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complex environmental treatments. The

goal of the online field experiment is not

to generalize findings from a laboratory

experiment or investigate the effects of

a phenomenon. Instead, the goal is to

test hypotheses derived from a theory
that incorporates ‘‘treatment complexity’’

in cases in which the social interaction

under study cannot be isolated from its

contextual environment without loss of

meaning. Treatment complexity implies

more than the context providing meaning

to social interactions while the experi-

menter manipulates conditions under
which these interactions occur. As we

will explain, a treatment is complex

when the meaning of the social interac-

tion being investigated is fundamentally

connected to the context in which the

social interactions take place (Ashmore,

Deaux, and McLaughlin-Volpe 2004).

For example, lab experiments of trust

interactions typically use some version

of an investment game (Berg, Dickhaut,

and McCabe 1995) to measure ‘‘thin’’

trust, the type of trust that is generated

between strangers with no prior or antic-

ipated future relationship. This is not the

type of ‘‘thick’’ trust that is most often

embedded in social relationships and very

difficult to isolate for study in a laboratory

(Cook 2005). Online field experiments, in

contrast to traditional or online lab experi-

ments, can capture the context in which

these types of social relationships occur.

The purpose of the traditional labora-

tory experiment, which often involves

testing hypotheses derived from a theory

rather than the investigation of a specific

‘‘effect’’ in the laboratory (e.g., the classic

bystander intervention studies or the

Asch conformity studies: Asch 1951; Dar-

ley and Latane 1968; Latane and Darley

1968), is not to directly replicate a phe-

nomenon (see the distinction between

theory-driven and effect-oriented experi-

ments in Zelditch 2014). Neither is the

primary goal of an online field experiment

to capture the entire set of conditions sur-

rounding the key phenomenon of interest.

Instead, the purpose of most experiments

in general is to ‘‘construct and test theo-

ries’’ by creating ‘‘theoretically relevant

aspects of social situations under con-

trolled conditions’’ (Zelditch 1969:530).
Theoretical laboratory experiments are

necessarily abstractions of theoretical

concepts and not meant to reflect the real-

ity of concrete instantiations of those con-

cepts (Zelditch 1969:530). Thus, theoreti-

cal experiments are not designed to

replicate natural ‘‘armies in the lab’’—

they are designed to simulate the aspect

of armies (e.g., an authority relationship)

that is relevant to the theory in question

(e.g., a theory of the exercise of legitimate

power). This article addresses theoretical

experiments in which ‘‘complexity’’ (Zel-

ditch 1969:533), or more precisely, the

interdependency between context and

the relevant social interactions, is a critical

aspect of the theory under question. We

argue that theories involving such com-

plexity have traditionally been outside

the scope of laboratory experiments

because of prior logistical restrictions

(Zelditch 1969). Researchers now acknowl-

edge the value of Internet technology in

accessing larger and more dispersed par-

ticipant pools as well as vast amounts of

data on various types of social and eco-

nomic interactions. Our article empha-

sizes the fact that the ‘‘Big Data’’ cur-

rently being collected in a wide variety

of online contexts, such as sharing econ-

omy websites, expands our capabilities

for including relevant aspects of the con-

text in which significant social and eco-

nomic interactions occur in our experi-

mental designs.

We use the term Big Data to mean the

in-context documentation of individual

participant behavior, preferences, and

attributes (McFarland, Lewis, and Gold-

berg 2015). Examples of Big Data include

documentation of health and exercise
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activity via Internet-enabled bicycle sen-

sors, mobile phone call and SMS records,

emoticon reactions to status updates on

Facebook, career histories on LinkedIn,

credit card transactions, online movie

rental preferences, and presentations of
identities via website profiles, among

others. The key aspect of Big Data is

that it is collected at the individual

level and incorporates social interactions

between individuals in a variety of con-

texts. While other definitions of Big Data

are available, the capacity of capturing

treatment complexity within an experi-
mental framework rests on the fact that

Big Data now include individual-level

records of millions of social and economic

interactions and thick descriptions of the

contexts in which they occur. Online field

experiments capture treatment complexity

using Big Data.

The online field experiment method we

describe in this article emphasizes the

idea that the Internet is not just another

mechanism for recruiting more subjects

(see i.e., Amazon Mechanical Turk).

Rather, the Internet is a place where

many platforms facilitate and collect

data on the social and economic interac-

tions (online and offline) of their mem-

bers. Big Data routinely collected on these

interactions make the overall social envi-

ronment more measurable. Researchers,

for example, can work with platforms

hosting various online communities to

randomly select a sample of study partic-

ipants and then use the Big Data these

platforms collect on the selected individu-

als and the contexts of their interactions.

Researchers can use the algorithms that

many of these online communities use to

predict whether a participant will be

exposed to a treatment of interest. In

fact, the prediction of future experiences

can become part of how the sample is

drawn in the first place. By studying par-

ticipant behavior in an online field

setting, researchers are able to preserve

what we have called treatment complex-

ity while testing theoretically driven

hypotheses.

In the following sections, we describe

online field experiments and the situa-

tions in which they are most valuable.

We further define treatment complexity

and explain how Big Data enable online

field experiments to account for complex

treatments. We then provide the details

of an example of an online field experi-

ment that we used to investigate the

impact of the sharing economy on trust

behavior. Our study suggests that in

a world where the Internet increasingly

mediates our social interactions, experi-

mentation can include theoretically rele-

vant treatments while studying social

interactions in situ, providing access to

much larger samples and newer types of

data than has previously been possible

in physical laboratories.

ONLINE FIELD EXPERIMENTS

Online field experiments are distinct from

online lab experiments (cf. Centola 2010;

DeVoe and Pfeffer 2007; Goldstein and

Hays 2011; Hahl and Zuckerman 2014;

Salganik, Dodds, and Watts 2006) in that

they are built into the context of the online

community under study. An online lab

experiment creates a kind of controlled

laboratory situation in the online environ-

ment. While random assignment is possi-

ble using online lab experiments, captur-

ing the contextual environment of the

social interaction under study requires

a field design instead. Salganik et al.

(2006) and Centola (2010), for example,

employ random assignment, but their

research also simulates the study environ-

ment rather than relying on a preexisting

environment in which participants were

already embedded. Their goal is to create

a world that is similar to the environment
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they wish to investigate in the ways they

think are most relevant for testing their

hypotheses, but in doing so, they have to

simulate that environment rather than

study the participants’ actual engagement

in such an environment.

As in natural and other quasi experi-

ments, online field experiments do not

allow for a direct manipulation of the

treatment (Campbell and Stanley 1963;

Cook and Campbell 1979). Online field

experiments need not assign subjects at

random to either control or treatment con-

ditions. Instead, online field experiments

select a random sample of a website’s (or

other online community’s) population for

participation, divide participants into

treatment and control groups using Big

Data and predictive algorithms to predict

whether the participant will be exposed

to the treatment or not, and then observe

or measure the participants’ outcomes.

The experimenter does not assign people

to treatment or nontreatment conditions.

Individuals self-select into conditions.

Our version of online field experiments

uses Big Data to leverage the selection

bias inherent in this type of design. Big

Data are used for understanding the peo-

ple in the sample that are participating in

the study compared to those that are not

and for reducing the impact of attrition,

namely, of individuals that drop out of

the study. Big Data are useful in linking

an individual participant’s experimental

data with their behavioral and demo-

graphic data observed (and typically

recorded) in the online community.

Online field experiments do not rely on

Big Data for generalization to a broader

population but rather to control for differ-

ent types of biases mentioned previously.

Because online field experiments capture

both the context and the entire interac-

tion, from beginning to end, within the

online community, researchers can more

readily rely on data collected online to

analyze many potential intervening

factors that affect the treatment(s) of

interest.

Online field experiments are necessary

when the environment generates a level

of treatment complexity that, while not

reproducible in a traditional lab, is effec-

tively captured using the data collected

by the online community of reference.

Like traditional field experiments (cf. Bal-

dassarri and Grossman 2013; Correll,

Bendard, and Paik 2007; Pager, Western,

and Bonikowski 2009; Shepherd and Pal-

uck 2015; Webster and Sell 2014), online

field experiments permit some of the rele-

vant complexity that defines the social

phenomena of interest. When the ‘‘field’’

is an online community, that is, when

technology mediates several aspects of

the social interaction (including its initia-

tion and meaning), then the context in

which social interactions take place

becomes bytes of information stored in

the servers of a company that the apt

researcher can harvest. In the next sec-

tion, we define treatment complexity

more fully and explain how online field

experiments are well situated for

research involving such complexity.

Treatment Complexity

The theoretical complexity of a treatment

such as community membership means

that the social interaction under study

cannot be isolated from its contextual

environment without loss of meaning

(Ashmore et al. 2004). This goes beyond

the argument that context provides the

raw material for what happens during

a social interaction and the relevant iden-

tities that get enacted (e.g., the context

provides the stereotypes in research

about stereotypes). We argue that context

often directly impacts and mediates

social interactions. Treatment complexity

describes the degree to which a treatment

entails embeddedness of the social inter-

action in its environment. Treatment
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complexity does not imply statistical

interactions across multiple factors

(though that may occur in some settings).

A treatment is complex when the social

interaction cannot be isolated from the

context in which it happens without los-
ing or significantly altering the overall

effect of the experience. A complex treat-

ment is one in which the interactions

between participants are intrinsically

shaped by the context in which they

take place. The overall environment, com-

posed of interactions embedded in a

context, sets the conditions under which
participants act and react. Moreover, par-

ticipants engage directly with the envi-

ronment, interpreting and altering the

environment through their interactions

(Page 2015).

This approach suggests that in a world

where social behavior is increasingly

mediated by technology, experimentation

can include greater levels of treatment

complexity than has previously been

thought possible in physical laboratories.

Technology allows for the collection of

detailed data on social interactions that

can later be used for (re)creating condi-

tions similar to that of a traditional field

experiment. The complex patterns of social

interactions that defined the treatment

can be accounted for and analyzed in an

online field experiment. The methodology

we are proposing is based on the idea

that the power of Big Data is not so

much in its size (the census has existed

for decades) but in its depth—the amount

of data collected on the social interactions

between participants operating in the

given context.

An implication of the social world

becoming more digital is the availability

of data on these types of social and eco-

nomic interactions and the contexts in

which they occur that were previously

inaccessible. For example, data accumu-

lated by users of traveling websites in

the sharing economy can clarify the

impact that sharing a room with

a stranger has on signals of trustworthi-

ness (e.g., similarity or reputation).

Here, the abstract concept instantiated

by ‘‘sharing a room with a stranger’’ or

‘‘loaning a car to a stranger’’ is ‘‘experi-

ence in the sharing economy.’’ The shar-

ing economy, like the ‘‘gig’’ economy, is

a theoretical construct with implications

for theories of exchange and trust, among

others. As these economies spread online,

Internet technology and the capture of

Big Data have exposed researchers to

the interconnections between context

and social interactions. Such interdepen-

dency cannot be distilled into a traditional

laboratory environment without signifi-

cantly altering its meaning. Instead, the

exposed interdependency between con-

text and social interactions can now be

studied with the online field experimental

approach. With the expansion of the

Internet into more domains of life,

researchers can employ experimental

designs without neglecting the complexity

of these interactions embedded in the con-

text in which they occur because we have

precise, individual-level data on the peo-

ple entering into these interactions (e.g.,

reputations, number of prior experiences,

tone of the emails exchanged prior to

meeting) and the context (e.g., location

of the shared room, characteristics of the

neighborhood, privacy of the room, etc.).
In another example, an online

field experiment may be the preferred

approach if the researcher seeks to cap-

ture the role of multiplex online relation-

ships. Multiplex relationships are those

occurring across multiple dimensions or

contexts of interaction (Santana, Hoover,

and Vengadasubbu 2017). A person might

interact with another person in the con-

texts of work, recreation, and community

service, for example. Experimentally

manipulating the multiplexity of a rela-

tionship is extremely challenging. In

a laboratory, the best designs might only
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achieve a proximate and relatively weak

measure of multiplexity: such a design

might assign a treatment condition of

interaction with the same partner across

diverse task domains, for example, while

a control group only interacts in a single
domain. In the field, however, researchers

can directly measure multiplexity, which

is intricately bound up with the environ-

ment in which the interactions occur.

This dimension of complex social interac-

tions cannot easily be abstracted or repli-

cated in the lab. Interaction with the

same person at work, in the gym, and at
a volunteer event is starkly different

from interaction with a stranger in a lab

to solve a puzzle, write a poem, and build

a model airplane. The social context is

missing from the latter. Finally, if tech-

nology is fundamentally intertwined

with the environment in which the multi-

plex social interactions take place, an
online field experiment is a good way to

capture the effects of these interactions

or measure related behavioral changes.

Online studies of dating, friendship, or

other types of social exchange, for exam-

ple, can account for the complexity of

treatments like anonymous dating,

exchange commitment, or distrust using
rich participant data collected on websites

like OkCupid, Facebook, or Last.fm.

In the case of online field experiments,

the Internet is not used simply as another

mechanism for recruiting more subjects.

More importantly, the Internet mediates

our interactions and provides them with

meaning. This does not mean that online
field experiments focus only on the analy-

sis of online social interactions. Instead, it

means that online field experiments can

be used to leverage online data collected

on social interactions in whatever context

they occur: online or offline. The large

amounts of data routinely collected on

such social interactions and the context
in which they occur thus make the effects

of complex treatments measurable.

EXISTING WORK RELATED TO ONLINE

FIELD EXPERIMENTS

Experiments conducted using computers

are not a new phenomenon. Precursors

to the online field experiment have been

in use by computer scientists and social

scientists alike for decades. The field of

human-computer interaction, with foun-

dations in WWII-era cybernetic experi-

mentation (Hauben and Hauben 1998;

Wiener 1948), quickly adopted applied

online field experiments with the goal of

improving the design of computer interfa-

ces. As online communities grew in popu-

lation and diversity, social scientists

began exploring the rich data sets these

sites generated on social behavior. Early

forms of online field experiments involved

emailing a randomly selected subset of

website users with requests to engage in

a new feature of the website, similar to

modern-day email marketing efforts

(Chen and Konstan 2015). As the value

of experimental data became known to

web-based companies, websites began

actively seeking social scientific insights

into their users’ behavior. While the

methodology is not unique, new forms of

collaboration between online community

hosts and researchers allow those using

online field experiment designs to take

advantage of the availability of massive

behavioral data sets and global field

access, creating fertile ground for a new

type of social research.

Online communities now cover an

extensive range of the global population.

The largest online community is the social

network Facebook. Over one billion peo-

ple worldwide use Facebook each day

(Facebook Company Info 2016). The vital-

ity of this network permits deeper study

of the dynamics of social and economic

interactions both online and offline. In

a 2012 Nature study, for example, social

scientists from University of California,

San Diego collaborated with Facebook
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employees to explore social influence and

political mobilization (Bond et al. 2012).

The researchers experimentally manipu-

lated social influence. They randomly

assigned users to one of three groups. In

the ‘‘social message’’ condition, respond-
ents were encouraged to vote by showing

them a subset of their friends who had

voted. In the second condition, an ‘‘infor-

mational message’’ was used to encourage

voting but without displaying the subset

of friends who had voted. The control

group received no message at all encour-

aging them to vote. Not only did the
researchers learn more about the distinct

effects of tie strength, they also found that

online social influence affected offline vot-

ing behavior more than online behavior

did.

Online behavior includes a diverse

array of social phenomena. Even interac-

tions as intimate as courtship are observ-

able in online settings. Websites like

OkCupid have been collecting data on

dating habits since at least 2009 (see

OkTrends.OkCupid.com). Such data are

not limited to U.S. communities. Ong

and Wang (2015), for example, used data

from one of the largest online dating web-

sites in China to explore the effect of

income on mate attraction. Like offline

audit studies, they created a set of fake

profiles using data from inactive profiles

on another online dating website. Income

and other attributes were systematically

assigned to the fake profiles. The

researchers then measured the effect of

income on the number of visits to a fake

profile. These new data on the determi-

nants of social affiliation are difficult to

obtain in any other way.

Outside of academia, many web-based

companies use online experiments for

capturing behavioral changes among

their users. The simplest and most com-

monly used form is the A/B test, in which

the researcher randomly assigns half of

the participants to a test condition and

the other half to a control condition

(Kohavi and Longbotham forthcoming).

In most cases, these industry-based

researchers wish to know how a product

change will influence customers’ site utili-

zation or purchasing behavior. By reveal-

ing the change in product (or process) to

only half of their users, researchers are

able to quantify the average treatment

effect of the design change on behaviors

of interest. This is mainly applied

research, but the same platforms can be

used for more theoretically motivated

research efforts.

Unlike industry-based A/B testing and

more similar to the online experiments

previously described, the online field

experiment is designed with the goal of

detecting and testing theoretical insights.

In support of the ‘‘army in a laboratory’’

perspective (Zelditch 1969), the goal of

the online field experiment is to test the

theoretically relevant aspects of the com-

plex interactions that are expected to pro-

duce the observed behavioral changes in

the field. The method we describe in this

article does not suggest attempting to

detect changes in behavior without a theo-

retical hypothesis informing the collection

of data. The details of implementing an

online field experiment are described in

the next section.

RESEARCH DESIGN FOR AN ONLINE

FIELD EXPERIMENT

There are three important components of

online field experiment research design:

collaboration with online platforms,

recruitment of participants involved

with the online community of interest,

and retention of participants regardless

of their probability of compliance with

the treatment. We describe each of these

components and how to address them in

the following.

In designing an online field experi-

ment, we recommend that researchers

Online Field Experiments 7



first identify the boundaries of the com-

munity of interest. This community is,

broadly speaking, the environment

within which the social interactions occur

in a context. For example, an online com-

munity could include players of an online

game, traders in an online market, con-

tributors to an online software project,

or followers of an online persona. After

a community has been identified, the

researcher needs to contact representa-

tives of the online community platform

in charge of maintaining the community.

Collaboration with the administrators

(or owners) of the platform is fundamen-

tal for engaging participants of the com-

munity and testing the response bias of

those who do participate. The goal of an

online field experiment is not to maximize

external validity by obtaining a represen-

tative sample of some generic ‘‘popula-

tion.’’ After the collaboration is arranged,

the researcher or the administrators of

the platform (or both) invite participants

to engage with the study using emails,

ads placed on the community platform,

forum posts, or other relevant media.

Collaboration with those who manage

the platform is also fundamental for

dividing participants into the treatment

and ‘‘nontreatment’’ conditions. Treat-

ment, in this case, is not participation in

the online community but rather some

behavior or attitude occurring within the

community (e.g., hosting travelers in
one’s home or producing material for an

online website). Treatment assignment

may appear impossible at first because it

seemingly requires that the researcher

have the capacity to predict the future

at the time of the creation of the study

(or in deciding whom to invite to partici-

pate). However, online platforms rou-
tinely use predictive models and machine

learning to predict the future behavior of

their participants. That is, online field

experiments directly harness the power

of Big Data by incorporating predictions

about future behavior. Because this clas-

sification is not random and is instead

based on predictive models and because

participants that do not experience treat-

ment during the period of study are still

expected to experience the treatment
later, we use the term nontreated in con-

trast to control.

An online field experiment can

include within-subject (before and after)

or between-subject (posttest) designs,

among others. After recruitment, partici-

pants in the before-after design are mea-

sured on the outcome variable of interest,

such as general attitudes toward trust.

This measurement takes place in the

online lab and may consist of the partici-

pant playing a behavioral game. After

treatment or nontreatment occurs in the

field, participants are invited back to the

online lab and measured a second time.

In the posttest design, measurement of

the treated and nontreated group out-

comes occurs at a fixed point in time after

all participants expected to receive the

treatment have actually received it. The

time between the before and after meas-

ures needs to be carefully calculated on

the basis of the measurement tool the

experimenter plans to use. In the case of

a behavioral game, in a before-and-after

design, the experimenter needs to con-

sider that a participant can learn how to

play the game after the first time and

use this strategy the second time he or

she plays the game.

Obtaining participants for an online

field experiment is much more challenging

than recruiting students or Amazon

Mechanical Turk volunteers. A researcher

must first convince those who manage or

control the online platform to collaborate

with him or her and then must persuade

prospective volunteers to participate in

the study. In a before-after design, reten-

tion of participants is of paramount

concern and a significant threat to the

internal validity of the experiment. As

8 Social Psychology Quarterly 80(1)



described in the following, poor retention

can introduce selection bias into the

study. The standard solution for this

problem is to offer incentives, usually in

the form of monetary rewards. For an

online field experiment, however, this
may be cost prohibitive because of the

volume of potential participants: Even

just offering $5 to each of 9,000 partici-

pants would require a minimum budget

of $45,000.

In an online field experiment that we

ran, we solved this problem in two ways.

First, we made prizes for participation
more substantial (i.e., $100 gift card),

though available only to a few; and sec-

ond, we created the illusion that partici-

pants were playing a game in two phases

and that they needed to come back to

Phase 2 in order to know their scores in

Phase 1. To be more specific, the alloca-

tion of gift cards was not a lottery but
was in itself a game, where the chances

of winning a gift card depended on the

participant’s winnings in the game. Over-

all, this strategy yielded a retention rate

of about 65 percent.

Incentivizing participation through

monetary rewards invariably can attract

malfeasants who wish to circumvent the
study to access the reward. Such people

can, for example, program ‘‘bots’’ to auto-

matically register for and collect study

rewards multiple times without any

human participation. Online field experi-

ments thus require investing in a robust

enough security system to prevent easy

access to the reward without valid partic-
ipation as well as the careful protection of

participants’ personally identifying infor-

mation. More security, however, requires

more effort by participants to prove their

identity. A researcher who plans to use

the online field experiment design needs

to consider the tradeoff in costs and bene-

fits between attracting and retaining
more participants and the security of the

online lab.

SOURCES OF BIAS IN ONLINE FIELD

EXPERIMENTS

In a perfectly randomized experiment,

subjects are assigned to treatment or con-

trol conditions at random. One could

imagine this assignment to be the result

of flipping a coin, for example. This makes

the subjects exchangeable in the sense

that their outcome measurements are,

on average, not the result of individual

differences. This exchangeability of sub-

jects across conditions thus neutralizes

the effect of confounding factors by mak-

ing the effect of being treated (T = 1) the

same as if everybody had been treated

(t = 1).1 Formally,

P½Y t515y 5P� ½Y5yjT51�: ð1Þ

Because the treatment in an online

field experiment involves a high degree

of complexity, there is a high risk that

recruitment into the study and retention

in a before-and-after design are not inde-

pendent of the participant’s compliance

with the treatment. A participant com-

plies with a treatment when they receive

the treatment, or nontreatment, that

they were originally predicted to experi-

ence. When noncompliance is randomly

distributed across treatment groups,

the study results are not significantly

affected. However, noncompliance can

bias study results if an unobserved vari-

able, such as household income, influen-

ces participants to sign up or prematurely

drop out of the study. The more complex

the treatment is, the higher the risk of

this selection bias. For example, a partici-

pant’s level of engagement with a specific

community is vulnerable to influence

1A more precise terminology for explaining
Equation 1 is that the conditional distribution of
the outcome being treated is the same as the
unconditional distribution of the outcome had
everybody been treated. We thank Xiaolu Wang
for clarifying this.
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from a variety of factors, including the

demographic composition of the commu-

nity, activity level of other community

members, and reliability of the commu-

nity platform service. Through collabora-

tion with online community host organi-
zations, researchers can reduce the risk

of unobserved variable bias and use tech-

niques such as inverse probability weight-

ing to predict a participant’s probability of

compliance.

The online field experiment addresses

compliance bias using inverse probability

weights that randomize the likelihood of
dropout between waves with respect to

observed characteristics of the participants.

This makes the distributions of the out-

come the same as in the unweighted origi-

nal population. Formally,

W5
Pr C50½ �

Pr½C50jL� ; ð2Þ

where C = whether a respondent dropped

out between waves (0 = no; 1 = yes), and

L = the set of independent variables mea-
sured at the beginning of the wave. This

weighting scheme randomizes a partici-

pant’s likelihood of dropping out of the

study with respect to known characteris-

tics (L). The matrix of L variables is con-

structed using Big Data, namely, the

data that the platform collects at the indi-

vidual level on its users. Selection
remains but not the bias. Santana and

Parigi (2015) estimated W using a logit

model and applied the predicted probabil-

ities in a weighted regression in a study of

the effects of engagement in the sharing

economy on changes in risk attitudes.

The other source of bias facing the

online field experiment is selection into
recruitment. This source of bias affects

both designs but is more problematic for

the post-test design since subjects act as

their own control group in the before-after

design.

Selection into recruitment is not the

same as selection into treatment or con-

trol conditions in traditional experiments.

Subjects in an online field experiment

self-select into treatment or nontreat-

ment categories, and recruitment mainly

serves the purpose of measuring the out-

come of interest. Because recruitment

does not yet involve ‘‘treatment,’’ there

is less concern that participants will

drop out because of the treatment.

The online field experiment addresses

selection into recruitment by creating

a random sample of users of the platform

that then receive an invitation to partici-

pate in the study. This makes the invita-

tion to participate in the study, namely,

recruitment, independent of experiencing

the treatment. The creation of a random

sample of invitees is a key aspect of the

online field experiment for two reasons.

First, if the group of invitees that agree

to participate in the study, namely, the

participants, is large (e.g., a 15 percent

response rate), then potential selection

bias is greatly reduced. Second, the bias

introduced by self-selection into partici-

pation can readily be measured and

accounted for by comparing the charac-

teristics of those who received the invita-

tion and did not participate against those

who decide to participate.

As we will illustrate via an example in

the following, the random sample of invit-

ees is constructed separately for treat-

ment and nontreatment groups using pre-

dictive algorithms. These algorithms can

predict who is going to experience the

treatment and who is not before that

treatment (in the field, that is) actually

occurs. Big Data are also used to create

balance between the two groups such

that an equal proportion of, say, women

in the treatment and nontreatment

groups receive invitations to participate.

Theoretical or substantive considerations

can be used to create a stratified random

10 Social Psychology Quarterly 80(1)



sample. For example, in a study we con-

ducted with Airbnb, we presumed that

hosts and guests are different with

respect to the amount of trust required

for participating in the platform. We

therefore stratified the random sample

with respect to participants’ host and

guest status.

In sum, our implementation of an

online field experiment allows us to

directly control for both compliance and

selection bias. The capacity to take bias

into account in our estimates is where our

research methodology differs the most

from using Amazon Mechanical Turk or

other online methods simply for recruiting

subjects. In the next section, we provide

an example of an online field experiment

and illustrate our method for addressing

the concerns of selective attrition and

recruitment in an online field experiment.

AN EXAMPLE: TRUST AND

REPUTATION IN THE SHARING
ECONOMY

The sharing economy describes the grow-

ing ecosystem of providers and consumers

of temporary access to products and serv-

ices. At the helm of this economy are tech-

nology companies using the Internet with

the goal of increasing the efficiency with

which people connect to one another.

Depending on the definition, surveys esti-

mate that sharing economy participants

make up 19 percent to 40 percent of the

U.S. population (Owyang, Samuel, and

Grenville 2014; PricewaterhouseCoopers

2015). The majority of these participants

are consumers of the service, and only

7 percent provide a sharing economy ser-

vice. According to a 2015 study, urban mil-

lennials, 18 to 24 years old, with household

incomes from $50,000 to $75,000 are the

most frequent users of such services (Pri-

cewaterhouseCoopers 2015).

In this section, we describe in broad

terms an application of the online field

experiment methodology to the question

of how experience in the sharing economy

affects how participants use information

to place trust in strangers (the full study

results will be presented in a separate

publication). Note that our treatment var-

iable is experience, not participation, in

the sharing economy. Our dependent var-

iable is trust. The ‘‘sharing economy’’ is

a complex social system resulting from
the dynamic intersection of identities,

incentives, and structures. In many shar-

ing economy marketplaces, members rely

entirely on interpersonal trust as a form

of currency. Thus, seemingly unrelated

transactions, such as pet sitting and ride-

sharing, require that an individual trust

an unknown stranger who is a member
of the same community. In the eyes of

the participants, membership in these

communities has important effects. For

instance, a recent survey found that 78

percent of the users in the sharing econ-

omy felt that their online interactions

with people made them more open to the

idea of sharing with strangers outside of
the sharing economy (Visual.ly 2012).

Studying companies within the sharing

economy means studying not only the

impact that technology has on individuals’

behavior online but also the implications of

such behavior for offline interactions and

associations, potentially extending trust.

We recently implemented an online

field experiment in collaboration with

Airbnb, a home and room rental service

that is hosted online and represents one

community in the sharing economy. Our

goal was to measure whether experience

in the site changed the type of informa-

tion Airbnb members used when deciding

whom to trust (note that trust is the out-

come variable in this case, not the treat-

ment of interest). We contrasted two sour-

ces of information about unknown others:

demographic characteristics (e.g., gender

and age) and reputation acquired in the

platform (e.g., the 5-star rating system).

Online Field Experiments 11



Traveling using Airbnb was our complex

treatment, and the amount of trust

toward another unknown member of

Airbnb was our outcome of interest. We

asked: Does the reputation members

acquire using Airbnb allow for the exten-

sion of interpersonal trust toward others

with different sociodemographic charac-

teristics? While the details of how we

measured trust are not fundamental for

the scope of this article, we provide a brief

overview of these details before explain-

ing the research design in greater detail.

To measure our outcome of interest

(i.e., trust), participants in our online field

experiment played a modified version of

Berg et al.’s (1995) Investment Game.

They were assigned a total of 100 points

to invest in five different exchange part-

ners. Whatever the participant decided

to invest, that amount was multiplied by

a factor of three and given to the recipi-

ents. By multiplying the investment by

three, the strategic player can obtain the

highest return by investing all 100 points

in the partner most expected to return the

full tripled amount. For example, the

player may have decided to allocate his

or her investment decisions evenly across

the five recipients, namely, 100 / 5 = 20

points each, or may have decided to favor

one recipient more than the others by giv-

ing, say, 40 points to that recipient, leav-

ing the rest to be divided among the

remaining four. If he or she chose, the

participant could have decided to give all

the points to one opponent and zero to

everybody else or to keep all the points

for himself or herself.

In this game, the recipients were not

real people but simulated ‘‘robots,’’ or

actors that were constructed to represent

the characteristics of a general ‘‘other’’

with certain attributes. Each of the five

simulated actors was different from the

participant who engaged in the study to

create variation in the social distance

between the participants and those to

whom they responded. We determined

distance by randomly combining the

attributes of the simulated actors and

then measuring the distance of each

from the player. Thus, an actor with

a few attributes in common with the

player would have a smaller social dis-

tance from the player than an actor with

no attributes in common and would have

a larger social distance from the player

than an actor with all attributes in com-

mon with the player. We employed one

simulated actor that was close in social

space to the player, one that was midway,

and a third that was far away (increasing

the social distance across the actors). The

order in which the simulated actors

appeared was randomized.

This setup created various measures of

trust—overall points invested, points

invested in the closest robot, points

invested in the most distant robots, and

so on. Finally, the study took place in

two phases. In Phase 2, participants

were matched with the same simulated

actors as in Phase 1 and played the

same game. A behavioral change in the

defined measure of trust can be measured

as the difference between investments in

Phase 1 and 2.2

We describe in the following how we

used Big Data and bias profiles to address

recruitment bias in this study.

Dealing with Recruitment Bias

For this study, we collaborated with

Airbnb to use Big Data collected on partic-

ipants through the Airbnb platform.

These data included demographics such

as age and gender as well as behavioral

2Trust could be distinguished from risk aver-
sion through the use of Holt and Laury’s (2002)
risk lottery game to measure participants’ risk
profiles. This measurement should be taken
before and after treatment, however, as the treat-
ment could influence the participant’s threshold
for risk (Santana and Parigi 2015).
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data such as the number of times the par-

ticipant hosted or was hosted by another

Airbnb user, scheduled host or guest

experiences, and temporal patterns of

hosting or being hosted. We used these

data to predict treatment and identify

recruitment bias among participants.

A few weeks before starting Phase 1 (in

September 2015), Airbnb created a ran-

dom sample of about 120,000 users in

the United States. The sample was strat-

ified along two dimensions: (1) role as

host or guest and (2) level of prior experi-

ence in Airbnb. We chose these dimen-

sions to address issues of selection bias

and treatment effect. Individuals self-

select into their roles as either host or

guest, and Airbnb has no way to capture

the drivers of such decisions. As a conse-

quence, it was important to separate

hosts from guests in our analysis, allow-

ing us to make the proper comparisons.

Furthermore, we hypothesized that

changes in the information used to trust

strangers, as the result of a traveling

experience with Airbnb, would be most

pronounced for first-time users compared

to experienced users. We thus divided

level of prior experience into three tiers:

(a) no prior experience, (b) moderate prior

experience (two to five experiences as

a host or guest), and (c) high level of prior

experience (more than two to five experi-

ences as a host or guest).
Finally, each cell of the stratified sam-

ple was divided into treatment and non-

treatment groups. The treatment group

was composed of Airbnb users scheduled

to have a traveling experience within

three weeks after Phase 1 of the study.

The nontreatment group was made up of

people not expected to travel during the

same timeframe. The predictions about

traveling were based on whether users

had booked a room during the period of

observation. These predictions were cal-

culated by a team of researchers at

Airbnb on our behalf. For each stratum

of the random sample, treatment and

nontreatment groups had roughly equal

sizes and were roughly balanced on key

dimensions.

Each participant was tagged with

a unique token, namely, an alphanumeric

label of 32 bits. The tokens were embed-

ded in our invitation emails and served

two purposes: (1) They increased the secu-

rity of the study because only users with

the tokens were allowed to register and

play the game, and (2) they allowed us

to match the experimental data collected

in Phases 1 and 2 on the experiment web-

site to the data Airbnb had on the same

users. The mapping of experimental

data with observational data is a key

aspect of an online field experiment. As

we will explain in greater detail in the fol-

lowing, this mapping is fundamental for

preserving the anonymity of the partici-

pating subjects.

About 9,000 respondents accepted the

email invitation originally sent by Airbnb

and registered to our website, a response

rate of about 8 percent. Because each

individual in the sample was tagged

with a unique token, we were able to col-

laborate with Airbnb to explore whether

the individuals who responded to our invi-

tation were systematically different from

those who did not by examining Airbnb

user data. We detected significant bias

for both guests and hosts who accepted

our invitation.

In particular, among the guests who

had no prior experience, males were signif-

icantly less likely to have accepted our invi-

tation than females. Furthermore, the gen-

der bias was more pronounced among

participants in the nontreatment group

than in the treatment group. For guests

with moderate prior experience, the gender

bias remained, but the difference between

the treatment and nontreatment groups

was not as pronounced. Interestingly, these

participants were younger than nonpartici-

pants. Finally, participation in the study
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among experienced users had a bias similar

to that of participants with no experience.

The bias profile of the hosts who partici-

pated in the study was very different from

that of the guests described previously. In

general, hosts who participated had more

ratings than hosts who did not participate.

That is, the hosts included in our online

field experiment tended to be more active

than hosts in the larger sample.

APPLYING ONLINE FIELD

EXPERIMENTS TO AN EXISTING STUDY

The central point of our argument is that

online field experiments are becoming

widely applicable because the social reality

in which we live is ever more digitally

mediated. This reality creates the possibil-

ity of incorporating greater levels of treat-

ment complexity in the study of human

behavior, where laboratory experiments

do not allow us to isolate the effects of

such complex treatments in which behav-

ior is deeply environmentally embedded.

In this section, we briefly illustrate how

one existing study could apply an online

field experiment design to account for the
type of treatment complexity inherent in

the theory being tested.

Burt’s (2012) work on the role of

agency in social networks uses data from

a virtual world (Second Life and Ever

Quest 2) to investigate the question of

why individuals differ in the level at

which they take advantage of structural

holes in their networks. Structural holes

occur between networks when those net-

works are not connected. Brokers can

bridge structural holes so that the other-

wise unconnected networks become con-

nected through the broker. Burt (1992,

2004) theorizes that structural holes pro-

vide an information advantage for indi-

viduals in brokerage positions. Thus, an

expectation of the theory is that brokers

will be associated with more rewards

and better individual-level performance

than individuals embedded in more closed

networks. Yet, considerable variation

exists in the correlation between struc-

tural holes and the amount of rewards

flowing to individuals. Burt highlights

the role of agency in explaining this vari-

ation. Could it be that only individuals

with certain personality traits are capable

of taking advantage of structural holes?

In his 2012 article, Burt tests the role of

agency by observing how the same indi-

vidual creates networks for multiple char-

acters in virtual reality. The outcome

measure is total points accumulated in

the game at the end of the observation

period. The key independent variable is

the amount of brokerage in each network.

Using the online field experiment

method, a researcher could engage with

the online educational platform Coursera

to directly test the effect of brokerage and

agency on performance. The first step

would be to create a random sample of

users in a randomly selected number of

courses and administer to them a person-

ality test on the ‘‘self-monitoring’’ scale

that Burt reports as important for under-

standing the connection between network

creation and brokerage. Working directly

with Coursera to glean network data

from class discussion forums, one could

use predictive modeling to identify users

inclined to closure and brokerage (our

treatment variable). The predictive model

will use information collected on platform

members, such as the text of their mes-

sages to other members, the length of

engagement with the material, the qual-

ity of the assignment, and so forth. In

addition to administering the personality

test and any other survey measurements

to these ‘‘participants,’’ the researcher

would measure participants’ average

and course-specific performance (our out-

come variable) prior to the experiment.

Through collaboration with Coursera,

a researcher could observe changes in

these participants’ network structures
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over a period of time, such as the average

time to completion of a Coursera course.

The researcher would then measure the

participant’s performance again, noting

any fluctuation in performance following

brokerage or self-monitoring. In line

with Burt’s theory, self-monitoring would

not be expected to correlate with course

performance among participants with

high network closure, self-monitoring

would correlate highly with brokerage,

and brokerage would be expected to result

in stronger course performance.

This example represents one way in

which online field experiments can be

used to extend and replicate existing

social psychological research. It also helps

to build new bodies of information about

emerging forms of social interaction and

social organization in which interaction

is heavily computer mediated, typically

on the World Wide Web. Engaging with

the platforms that supply access to such

venues in which we can study the emer-

gence of new social structures and their

effects is an important methodological

advance. This method extends the range

of domains in which the development

and testing of social psychological and

sociological theories can occur. However,

this promise does not come without clear

challenges.

ETHICAL CONSIDERATIONS OF

ONLINE FIELD EXPERIMENTS

The expanded use of online field experi-

ments creates a new set of ethical con-

cerns for researchers. Access to private

information is at the core of this method-

ology because it allows linking real-life

experience (i.e., the complex treatment)

with measurement of its effect in the

online ‘‘laboratory.’’ Yet, users of the tar-

geted online community may not want to

give researchers access to their private

information. Moreover, even if they were

to agree to participate in a research

project, they typically did not provide

their information to the platform with

research purposes in mind. How then

can a researcher interested in using the

online field experiment design address

these ethical concerns?
Ethical design begins with the initial

collaboration between the researcher

and the online community platform. The

goal of platform providers is to promote

participation on their platform. Providers

thus seek to avoid engaging in research

activities that would abuse their users in

any way. Just as in offline field studies,
researcher interference in the online com-

munity can result in expulsion from the

field site, among other negative outcomes.

Ethical researchers should work carefully

with the platform providers to ensure

that recruitment and other forms of

engagement with their participants are

voluntary and nonintrusive. This entails
outlining with providers potential harm

to users before the study begins.

An important solution to the problems

associated with ethical online field experi-

ments is in using technology in ways that

allow users to maintain control of their

private information. Linking the treat-

ment to measurement of its effects can
be done using unique identifiers, for

example, rather than private information

such as names or email addresses. Unique

identifiers can be tokens composed of

a long sequence of letters and numbers

that are assigned to each participant.

The researcher can then use these tokens

to link treatment conditions and the rele-
vant measurements. The administrators

of the platform will have access to the con-

necting table where private data and the

associated tokens are stored, but the

researchers would not. More importantly,

the administrators of the platform could

then completely anonymize the informa-

tion they provide to researchers by shar-
ing tokens rather than any private

information.
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To better illustrate this solution, we

briefly describe the process we followed

in our recent Airbnb study. After the com-

pany generated a random sample of

users, we sent them a list of automatically

generated tokens. Airbnb data scientists
assigned each token to a user in our sam-

ple. They then sent emails on our behalf

inviting users to participate. The emails

contained a link to the website for the

experiment where measurement of the

complex treatment took place. The first

page of the website showed a waiver of

consent (that the university Institutional
Review Board [IRB] approved for the pur-

pose of this research). More importantly,

each email was personalized with the

token assigned to that specific user. If

the user agreed to participate in the

study, he or she would register, and we

would then collect the unique token.

For our project, we also collected email
addresses provided by the participants.

However, depending on your collabora-

tion with the platform, even this step is

not necessary. We could have only relied

on the tokens to join the data collected

on our website with the data collected by

Airbnb on the treatment. We opted to col-

lect private information because we
decided to send reminder emails to partic-

ipants in between study waves to increase

participation. However, Airbnb could

have decided to send these reminder

emails instead of us. The strength of this

design is that it leaves the users of the

platform, Airbnb in this case, in full con-

trol of the private information. While pri-
vacy concerns are paramount in online

field experiments in which user data is

needed to test theory, such concerns are

often quite manageable with proper pro-

tocols that are now being developed for

such research, often by internal IRBs

within the online community platform

and in collaboration with university-
based IRBs.

CONCLUSION

In a world in which the traces of social

interactions are increasingly available

online, we propose a research methodol-

ogy that extends the elements of experi-

mentation to include greater treatment

complexity. The basic idea behind this

hybrid variant of field and laboratory

methods is that more social interactions

are occurring through technologies that

leave ‘‘digital footprints’’ for analysis in

the new era of ‘‘Big Data’’ (Golder and

Macy 2014). The Internet is thus not

just another mechanism for recruiting

subjects but rather a new space where

interactions occur and acquire meaning.

For experimentalists, this is good

news. It means that greater levels of

treatment complexity can now be more

rigorously studied. Complex treatments

are those that cannot be replicated in

a lab because their meaning is fundamen-

tally intertwined with the environment in

which they occur. In this article, we pro-

vide an example of such a complex treat-

ment: engagement with strangers in

a sharing economy community. This

treatment is patently not replicable in

a laboratory because of the variation in

the interactions that compose the sharing

economy and because these interactions

acquire meaning in the contexts in which

they occur—a guestroom in a foreign

country, a ride home late at night, or

even a homemade meal delivered to your

door.
The online field experiment methodol-

ogy provides a method for incorporating

the complexity of such treatments into

a more traditional experimental design.

More importantly, this methodology

advances the argument that we are fun-

damentally living in a new social

world—a world where interactions are

increasingly mediated by technology.

Investigation of these new and highly
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prevalent forms of social interaction and

social structure calls for new methods,

new concepts, and new analysis

techniques.
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